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Abstract: Predicting areas of disease emergence when no epidemiological data is available is essential for the
implementation of efficient surveillance programs. The Inner Niger Delta (IND) in Mali is a major African
wetland where >1 million Palearctic and African waterbirds congregate. Waterbirds are the main reservoir of
Avian Influenza Viruses (AIV). Our objective was to model their spatial distribution in order to predict where
these viruses would be more likely to circulate. We developed a generalized linear model (GLM) and a boosted
regression trees (BRT) model based on total aerial bird counts taken in winter over 6 years. We used remotely
sensed environmental variables with a high temporal resolution (10 days) to predict the spatial distribution of
four waterbird groups. The predicted waterbird abundances were weighted with an epidemiological indicator
based on the prevalence of low pathogenic AIV reported in the literature. The BRT model had the best predictive
power and allowed prediction of the high variability of waterbird distribution. Years with low flood levels showed
areas with a higher risk of circulation and had better spatial distribution predictions. Each year, the model
identified a few areas with a higher risk of AIV circulation. This model can be applied every 10 days to evaluate
the risk of AIV emergence in wild waterbirds. By taking into account the IND’s ecological variability, it allows
better targeting of areas considered for surveillance. This could enhance the control of emerging diseases at a local
and regional scale, especially when resources available for surveillance programs are scarce.
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INTRODUCTION
Emerging infectious diseases are a growing concern because
of their impact on public health, global economies, and
wildlife species (Morens et al., 2004). Although several eco-
logical, environmental, and socioeconomic factors driving
the emergence of infectious diseases have been identified at a
global scale (Morse, 1995; Morens et al., 2008), it remains
difficult to forecast and quickly detect emergences. A better
allocation of surveillance efforts is needed, especially for
wildlife zoonotic and vector-borne emerging infectious
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diseases originating at lower latitudes (Jones et al., 2008).
Compared to standard retrospective epidemiological studies,
the main challenge in trying to predict disease emergence is a
lack of epidemiological data. One consequently must turn to
knowledge-based approaches combining environmental and
socioeconomical data to derive predictions (Smith et al.,
2005). These approaches then can be used to determine
high-risk areas (Cumming et al., 2008; Brochet et al., 2009),
prioritize surveillance programs, and plan interventions
(Clements and Pfeiffer, 2009).
Avian influenza viruses (AIV) endemically circulating
in wild waterbirds (Webster et al., 1992) are particularly
prone to evolve and emerge in highly pathogenic forms,
termed highly pathogenic AIV (HPAIV), that are respon-
sible for high mortality in domestic poultry, and can
occasionally transmit to humans (Koopmans et al., 2004).
Both low and highly pathogenic AIV have been found
circulating in wild waterbirds in West African wetlands
(Gaidet et al., 2007, 2008), and the Asian H5N1 HPAIV
spread to West Africa in 2006 where it since has persisted
and reemerged in several countries (Fusaro et al., 2009).
The Inner Niger Delta (IND) in Mali is the largest
continental wetland in West Africa, and the second largest
in Africa. Stretching over 41,195 km2 in the midst of the
Sahelian zone, this low elevation floodplain area includes a
number of seasonally inundated lakes, ponds, and river
channels. It is a key West African wetland and supports
many waterbird species, including up to one million
migrating Palearctic ducks in the northern winter, 100,000
Afro-tropical ducks, and 300,000 waders (Girard, 2006).
The ecology of the area is mainly driven by the flood level,
which itself depends on rainfalls in the region (Zwarts and
Grigoras, 2005). This flood level is quantified by the water
level of the Niger River at a reference point (Akka,
15240 N, 4140 W) and correlates to the extent of the water
cover that provides suitable habitats for waterbirds. Since
1970, the maximum flood level at Akka has ranged between
336 cm in 1984 and 534 cm in 1994, leading to a maximum
flooded area ranging between 1500 and 20,000 km2. The
area is flooded between August and December, decreasing
water levels in the weeks and months that follow leads to
aggregations of waterbirds on the remnant water bodies.
The mixing of wild waterbirds coming from the Palearctic
region and Africa provides favorable conditions for AIV
transmission, making the IND a potential hub for the
spread of new AIV variants.
The flood level varies considerably within and between
years (Zwarts et al., 2009), and this naturally influences the
spatial distribution of wild waterbirds and of the possible
areas of increased AIV transmission. The number of birds
present in the IND is also highly variable depending on the
year. For example, aerial global censuses of wild waterbird
species undertaken by one ornithologist have shown that the
total number of Garganeys in the IND varied from about
815,000 to 225,000 between two successive years (Trolliet
et al., 2008). Therefore, the prediction of wild waterbird
abundance is challenging, and a model with a good spatial
and temporal resolution is needed to capture this high var-
iability.
This article aimed to model the spatial distribution of
the main wild reservoir of AIV in the IND in order to
predict areas where AIV may be expected to circulate more
intensively and where surveillance should be prioritized.
We used a set of environmental variables and different
modeling approaches to predict the spatial distribution of
four waterbirds groups with different levels of AIV preva-
lence. Our models aimed to be both spatial and temporal to
best capture the temporal variability of the IND’s ecology
with a good spatial resolution. We combined results from
our spatial distribution model with measurements of AIV
prevalence reported in the literature, to predict which areas
would have a higher risk of AIV circulation for different
10-day periods.
METHODS
Ornithological Data
The ornithological data were collected from six aerial
censuses performed in January 1999–2001, 2006–2008.
Counts were carried out by the same observer from a small
aircraft flying at 100–300 feet above the ground. Each year,
an approximate total of 40 h was spent flying over the IND.
The entire Delta was divided into 171 (10-minute-side)
cells which, at this latitude, were equivalent to ca.
18 km 9 18 km. Every year, a certain number cells sur-
veyed—generally ones situated at the periphery of the
area—were found to have dried out entirely. These either
were overflown rapidly by the plane or ignored. For each
year, the census was reported by cell and by species. More
details on the aerial counts may be found in Girard et al.
(2004). All of the most abundant waterbird species (ducks,
herons, and large waders) were counted with the exception
of rails and small waders, which could not be detected due
to their smaller body size and inconspicuous behavior. In
general, aerial censuses allow an estimation of the total
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population of an area but lack accuracy, especially when
counting large groups of gregarious birds (Zwarts et al.,
2009).
We classified the species counted into four systematic
groups according to the role they may play in AIV circu-
lation. The species were grouped based on the AIV preva-
lence recorded in the literature on avian influenza in wild
waterbirds (Olsen et al., 2006; Munster et al., 2007). Pale-
arctic Anatids, mainly represented by Garganeys (Anas
querquedula) and Pintails (Anas acuta), i.e., dabbling ducks
recognized as major reservoirs of AIV, constituted the first
group. The second group included Afro-tropical Anatids
that have shown lower AIV prevalence than Palearctic
Anatids (Gaidet et al., 2007). Waders and Ardeids consti-
tuted the two remaining groups. A principal component
analysis (PCA) was run with the abundance data of all of
the species counted over the 6 years to assess the validity of
this systematic species grouping as a spatial distribution
model dataset.
Environmental Variables
We compiled a total of eight environmental variables
(Table 1) related to three main environmental indicators to
predict the distribution of wild waterbirds: water indices
indicative of favorable habitats, vegetation indices indicative
of favorable feeding areas, and indicators of human distur-
bance. To deal with the highly variable habitats of the IND,
we used environmental data with a high temporal resolution.
We used the water level of the Niger River at a reference point
(Akka) and remotely sensed environmental indicators
compiled over 10 days matching the aerial census period of
each year. The remote sensing products were acquired by the
vegetation instruments onboard SPOT satellites and were
downloaded from the Vgt4Africa project website (Vgt4A-
frica, 2006). We used the Normalized Difference Vegetation
Index (NDVI) (Reed et al., 1994) and the Dry Matter Pro-
duction (DMP) derived from the net primary productivity
(Chen et al., 1999) as vegetation indices. The Normalized
Difference Water Index (NDWI) (Gao, 1996) and the Small
Water Bodies (SWB) (Gond et al., 2004) product were used
as indicators of humidity and water. These four remotely
sensed environmental indicators were originally provided
with a spatial resolution of 1 km and a temporal resolution of
10 days. We also used the human population density as an
indicator of disturbance for birds based on a 1998 population
census with a spatial resolution of 5 km (CIESIN, 2005), and
a digital flooding model of the IND based on 30-m spatial
resolution Landsat images (Zwarts and Grigoras, 2005).
These two variables were not adjusted to match either the
dates or the year of the census data. All of these environ-
mental variables were aggregated at the cell level (ca.
18 km 9 18 km). For NDVI, NDWI, DMP, population
density, and elevation, we calculated the mean value of all
pixels of the variable included in each of the cells for the
10-day period matching the aerial census. In addition, we
calculated the total number of 1-km pixels of each class (Free
Water, Humid area, and Free Water + Humid area) of the
SWB indicator in each of the cells. For each census period, we
obtained a dataset including an aggregated value of each
environmental variable for the 171 cells of the IND.
Waterbird Distribution Modeling
Our aerial census data showed evidence of zero-inflated
distribution with up to 75.8% of empty cells, while the
Table 1. Explanatory variables used in the different models
Variable Indicator type Source Temporal
resolution
Spatial resolution Aggregation
at cell level
NDVI Vegetation density Spot satellite 10 days 1 km Mean
DMP Vegetation production Spot satellite 10 days 1 km Mean
NDWI Humidity Spot satellite 10 days 1 km Mean
SWB Land use (water) Spot satellite 10 days 1 km Count
Water level Water level Field data Day Inner Niger Delta –
Max. water level Maximum water level Field data Year Inner Niger Delta –
Human density Population density GRUMP – 5 km Mean
DFM Elevation Zwarts and Grigoras (2005) – 30 m Mean
NDVI Normalized Difference Vegetation Index; DMP Dry Matter Production; NDWI Normalized Difference Water Index; SWB Small Water Bodies; DFM
Digital Flooding Model (Zwarts and Grigoras, 2005); GRUMP Global Rural–Urban Mapping Project.
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distribution of the remaining data was assumed to be log-
normal. Modeling zero-inflated distribution can be
achieved by building and combining two models (Barry
and Welsh, 2002): first, a presence–absence model assum-
ing a binomial distribution, and second, an abundance-if-
presence model assuming a Gaussian distribution with the
log-transformed data. The final abundance prediction then
is calculated as the product of the probability of presence
given by the first model and the predicted abundance given
by the second model. Many methods have been developed
to predict species distribution (Guisan and Zimmermann,
2000; Elith et al., 2006) and there is no agreement regarding
which is the best statistical method for distribution mod-
eling or which may be applicable to all ecological systems.
As our main objective was to build robust predictions, we
decided to build two different types of models and to select
the one with the best predictive power (Pearce and Ferrier,
2000). We implemented a generalized linear model (GLM)
(McCullagh and Nelder, 1989) and a boosted regression
trees (BRT) model (Elith et al., 2008). The GLM has been
applied widely in ecology and can be used as a reference
(Guisan and Zimmermann, 2000). The BRT model was
used because it reportedly provides better predictions than
generalized models (Elith et al., 2006) and is said to better
handle interactions and nonlinear relationships. We also
chose the BRT model because inferring the role of the
environmental variables was not our primary objective. The
response variable was the presence of a bird group for the
presence–absence model, and the log10-transformed abun-
dance of a bird group for the abundance-if-presence model.
We considered the impact of the interannual variability of
bird abundances by standardizing them to the mean
abundance estimated over the 6 census years.
The GLM included all of the environmental variables as
explanatory variables and an autocovariate term to account
for spatial autocorrelation (Augustin et al., 1996). The au-
tocovariate term was a weighted average of the number of
occupied cells or of the abundance of the cell in the range of
spatial autocorrelation. The weight of each surrounding cell
was estimated as the inverse of the Euclidian distance to the
considered cell. This model was implemented in R software
(R Development Core Team, 2009).
We implemented the BRT model using the functions
developed by Elith et al. (2008). This type of model com-
bines many regression trees using a boosting method to
improve the predictive performance of the final model.
Stochasticity can be introduced into BRT models by ran-
domly selecting a fraction of the total data to fit each of the
regression trees. This fraction, called bag fraction, was fitted
to 0.75 after showing no significant differences in the
predictions for values ranging from 0.5 to 0.75. Optimi-
zation of BRT models requires fitting three main parame-
ters: tree complexity, learning rate, and number of trees.
Tree complexity is defined as the number of nodes in each
regression tree; the learning rate is defined as the contri-
bution of each regression tree in the final model; and the
number of trees is defined as the total number of regression
trees included in the boosting process. We used a tree
complexity of five because we expected several interactions
between our variables, especially between vegetation and
water indicators. High values of vegetation variables could
indicate a favorable habitat for waterbirds when associated
with high values of water variable. On the other hand, they
also could be indicating a nonfavorable habitat when
associated with low values of water variables. The learning
rate of the BRT model was fitted to 0.001 to have at least
1,000 trees fitted for each run of the model. The number of
trees to be fitted for each model was identified using a
cross-validation procedure described by Hastie et al. (2001)
and implemented in the BRT functions in R. The BRT
model was run 25 times for each prediction.
Model Selection and Validation
For each model (GLM and BRT), we ran six different data
sets to predict the abundance of each of the four bird
groups. Each data set was constituted by a combination of
the results of five out of the six census years. The results
from the remaining year were used to evaluate the pre-
dictions. To determine the best model, we calculated two
different indicators. For the presence–absence model, we
calculated the area under the receiver operating character-
istic (ROC) curve (AUC) as implemented in Elith et al.
(2008). The ROC curve is obtained by plotting sensitivity
vs. (1 - specificity) for varying probability thresholds.
High performance models are indicated by large areas
under the curve (Manel et al., 2001). We also estimated the
percentage of deviance explained D2 for the presence–ab-
sence predictions and for the final abundance predictions.
These performance indicators were calculated for each of
the four bird groups and the six datasets, providing an
overall mean and a standard deviation of the performance
metrics. To improve the models, we applied a mask on the
final results for each bird group. The mask was constituted
with the cells where no bird of the group was recorded
during the six census years.
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Potential Virus Circulation
The statistical models provided a predicted spatial distri-
bution for the four bird groups for each year. An indicator
of AIV circulation risk was estimated by weighting the
predicted abundance of each group with a coefficient cor-
responding to the global prevalence of AIV measured for
these species. As little information was available on avian
influenza prevalence in wild birds in Africa (Gaidet et al.,
2007), we also used prevalence measured in other areas for
Palearctic Anatids and waders (Olsen et al., 2006; Munster
et al., 2007), and for Ardeids (Siembieda et al., 2010) to
inform estimations of prevalence coefficients. We used a
coefficient of 0.06 for the migratory Palearctic Anatids, 0.03
for the Afro-tropical Anatids, 0.01 for the waders, and
0.005 for the Ardeids. Finally, for each cell of the IND, we
added the values of the risk indicator of the four bird
groups to obtain maps of potential virus circulation.
As explained above, we trained the model with six
different data sets constituted by different census year data
combinations to assess the variability of the potential AIV
circulation predictions. As our predictors were explicit in
time, the models could be run in real time for January
2010. We made the prediction for 2010 with the environ-
mental indicators recorded from January 11–20, 2010.
RESULTS
A total of 16 species were classified in four systematic
groups according to the role they may play in AIV circu-
lation (Appendix, Table 4). This grouping was validated as
a spatial distribution model dataset by the results of the
PCA. It showed that the species from each group consti-
tuted clusters (Fig. 1), and that 55.43% of the total variance
was supported by the first two components of the PCA.
The BRT model showed the best predictive power for
the presence–absence predictions; however, as the standard
errors were high, the AUC values of the GLM and BRT
models were of the same order (Table 2). The BRT model
also provided the best predictive power for the final pre-
dictions of abundance with a mean D2 of 0.372 (SE =
0.151) (Table 2). The high standard errors (coefficient of
variation = 40.6% for the BRT model) are related to the
high variability of the predictive power for each of the 24
distributions (one per group and per year). However, the
BRT model had the best predictive power for 23 predic-
tions out of 24. The application of the mask increased the
mean D2 of both models (Table 2). The effect of the mask
was more important for the GLM (13.3%) than for the BRT
model (5.1%), and it was more important for gregarious
species (increase of the D2 ranging from 7% to 60% for
Palearctic Anatids with the BRT model) than for nongre-
garious species (increase of the D2 ranging from 1% to 3%
for Ardeids with the BRT model).
As shown for the BRT model (Table 3), the predictive
power of the models was dependent on the bird group and
the year. Overall the predictive power was better and
less variable for the Ardeids group (mean D2 = 0.509,
SE = 0.132, coefficient of variation = 26%), than for the
Palearctic Anatids group (mean D2 = 0.345, SE = 0.155,
coefficient of variation = 45%). Results were intermediate
for Afro-tropical Anatids and waders. Predicted spatial
distributions for the Ardeids were similar for the BRT model
and for the observed data (Fig. 2). For the spatial distri-
bution of the Palearctic Anatids, the model accurately pre-
dicted the general pattern of the distribution variability,
with an aggregation of the birds in the central part of the
Delta during years with low flood levels (Fig. 2). A map of
the model residuals, i.e., the difference between observed
and predicted abundances, is available in the Appendix,
Figure 5. The predictions were significantly more accurate
for the years with lower flood levels (Fig. 3).
Figure 1. Plot of the first two components of the PCA run on the
aerial census data of the wild waterbird species. Each arrow
corresponds to a single species (see Appendix, Table 4, for the list
of the species). The four colors indicate the four epidemiological bird
groups (Color figure online).
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The predictions of potential AIV circulation allowed
the identification of several priority cells for surveillance
each year. The years with a low water level showed cells
with higher values for the AIV circulation indicator
(Fig. 4). The variability of the AIV circulation risk pre-
dictions was low for years with a low water level, i.e., years
that showed a higher risk of AIV circulation (Fig. 4). All the
models ran for the period from January 11–20, 2010
identified the same three cells with a higher risk of AIV
circulation. As environmental variables were available on
January 23, 2010, the model could be run in real time, and
surveillance could be prioritized according to relevant
environmental data.
DISCUSSION
Our analyses provided two main results. First, despite the
very high spatial-temporal variability of the IND ecosystem,
it was possible to model the distribution of several bird
groups with a low-to-good predictability (predictability of
the presence–absence model could be considered to be
good, while the predictability of the abundance was low-to-
good) explaining on average 37.2% (SE = 15.1%) of the
deviance. Second, combining these predictions and
weighting them according to AIV prevalence made it pos-
sible to identify at what points in time and space the risk of
transmission or emergence of highly pathogenic strains was
highest. We thereby could identify when and where sur-
veillance should be prioritized.
There was substantial variation across years in the
predictability of the different bird groups. For the BRT
model, which showed the best predictive power, the devi-
ance explained varied from 10.3% for the Palearctic ducks
in 2000 to 63.7% for the Ardeids in 2008. Variation in the
ability to predict was highest for the Palearctic ducks and
lowest for the Ardeids, with intermediate levels for Afro-
tropical ducks and waders. The model always had a lower
predictive power for Palearctic ducks, highly gregarious
species, than for Ardeids, the least gregarious species in this
study. This is in accordance with a negative impact of
gregariousness on the predictive power of the model, an
observation already made by Seoane et al. (2005). One
approach to improve this was to mask out areas were a bird
group had never been observed. As expected, the mask
increased the predictive power of the model, especially for
gregarious species. This mask could reflect specific behavior
of gregarious birds such as wintering site fidelity (Leyrer
et al., 2006) that results in suitable habitats being left
unoccupied. Despite this variation in the predictability, the
model identified the main areas where wild waterbirds
congregated in the IND for each year.
Table 2. Predictive performance of the models
AUC D2 D2 with mask
GLM 0.838 (0.058) 0.255 (0.153) 0.289 (0.157)
BRT 0.853 (0.052) 0.354 (0.154) 0.372 (0.151)
AUC area under the ROC curve; D2 percentage of deviance explained;
GLM generalized linear model; BRT boosted regression trees.
The means and standard errors of the AUC are given for the presence–
absence models. The means and standard errors of the D2 are given for the
final abundance prediction models. These two indicators were calculated
from the 24 predictions made for the four bird groups and the 6 years. The
deviance explained is given for the predictions before and after applying a
mask (see text for more details).
Table 3. Percentage of deviance explained by the BRT model
Year Max. flood level (cm) Afro-tropical ducks Palearctic ducks Ardeids Waders
1999 486 0.154 (0.009) 0.227 (0.006) 0.327 (0.002) 0.112 (0.002)
2000 511 0.153 (0.002) 0.103 (0.005) 0.541 (0.001) 0.390 (0.002)
2001 465 0.255 (0.001) 0.335 (0.003) 0.387 (0.001) 0.354 (0.001)
2006 442 0.337 (0.005) 0.488 (0.004) 0.507 (0.001) 0.401 (0.002)
2007 462 0.281 (0.004) 0.483 (0.001) 0.645 (0.001) 0.499 (0.002)
2008 482 0.347 (0.002) 0.435 (0.002) 0.647 (0.001) 0.512 (0.002)
BRT boosted regression trees; D2 percentage of deviance explained.
The means and standard errors of D2 by the BRT model after applying a mask are given for each year and each bird group. These results were estimated from
25 runs of the model.
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The main factor affecting the distribution of the bird
groups, and hence their prediction, was the flood level.
Results showed a significant higher predictive power of
the spatial distribution models of Palearctic ducks for
years of low flood level, which can be explained by the
high gregariousness of Palearctic ducks. In years with
higher flood levels, more water bodies are available and
many of them are unoccupied even though the model
identified them as being suitable habitats. This results in
the lower predictive power of the model. The results also
showed that a lower flood level was associated with a
higher risk of AIV circulation. This is in accordance with
an increased circulation risk related to a higher concen-
tration of wild birds on the remnant water bodies. The
circulation of AIV thus is thought to be strongly influ-
enced by the flood level, which itself can be extremely
variable. For example, between December 1999 and Feb-
ruary 2000, the size of the flooded area declined from
17,400 to 6,200 km2, but in the same months in 1984 and
1985, it declined from 1680 to 480 km2 (Zwarts et al.,
2009). Overall, our model could take into account this
flood level variability, and had a better predictability and
a lower variability for years of low flood level showing a
higher AIV circulation risk.
One limitation of our model is that it can only be
applied during the wintering period because total census
data were available only for January. Further, the flood level
in the IND, the habitat use of waterbirds, and their asso-
ciated dispersal behavior are highly variable between sea-
sons. However, from an epidemiological point of view, this
is the most important period for AIV circulation in the
IND because it combines several factors: the annual peak in
abundance of the Palearctic migrants, potential carriers of
AIV (Artois et al., 2009), an increasing density of birds as
the flooding level decreases, enhancing density-dependent
and waterborne transmission processes (Roche et al., 2009),
Figure 2. Spatial distributions of Ardeids and Palearctic Anatids in
the IND. The observed data from the aerial census and the predicted
distribution from the BRT model are shown for two different years.
The observed data of the year considered were not included in the
training dataset used for the predictions. Year 2006 was the one with
the lowest flood level (442 cm), whereas 2000 had the highest flood
level (511 cm). The percentage of deviance explained by the model
D2 is indicated for each prediction. Different legend scales were
applied to observed and predicted abundances in order to show the
correspondence between the areas of highest bird density despite a
general underestimation of the model.
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and cooler temperatures allowing better virus survival in
the environment (Stallknecht et al., 1990).
Aside from the water level, other extrinsic factors also
are involved in the variability of waterbird abundance in
the IND. High interannual abundance variations have been
observed in the IND, especially for Palearctic migrants.
This may be explained by annual variations in breeding
performances or by the selection of other West African
wintering grounds. As our model is only based on local
variables, it cannot take into account these variations. An
improvement of the model would be to consider the West
African scale and apply our model to the major wetlands of
the region, i.e., the Senegal River Delta, IND, the Hadejia–
Nguru wetlands, and Lake Chad, because a lower variability
in overall abundance has been observed at this regional
scale (Zwarts et al., 2009). Since the variables that we used
are available for any region, our model could be applied to
predict the distribution of the group species in these West
African wetlands, and predictions could be validated using
similar aerial censuses undertaken in the Senegal Delta and
the Lake Chad area. This would allow quantification of the
extrapolation capacity of our model, and would provide a
method for regional-level prediction of potential AIV cir-
culation hot spots in wild waterbirds.
As in other studies, the BRT models showed a better
predictive power than GLM (Elith et al., 2006; Leathwick
et al., 2009). One of their main advantages is the ability to
deal with correlated variables. BRT models thus can include
several variables related to the same ecological aspect (e.g.,
two vegetations indices related to food availability, NDVI
Figure 3. Influence of the maximum flood level of the year on the
percentage of deviance explained D2 by the BRT model for the
Palearctic duck distribution.
Figure 4. Predicted areas of AIV circulation. The maps on the first
row show, for years with different flood levels (maximum flood level
of the year in brackets), the predicted cells with a higher risk of AIV
circulating in wild waterbirds of the IND. The mean value of the risk
indicator was estimated with six runs of the BRT model trained on
six different datasets. Each training dataset included a different
combination of five out of the six census years. The maps on the
second row show the coefficient of variation (SE/mean) of these six
runs of the model. AIV, Avian Influenza Viruses; BRT, boosted
regression trees.
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and DMP, could be included in the same model). Another
difference between GLM and BRT models was shown by
the effect of the mask we applied, which was to increase the
capacity of the model to predict absence and, consequently,
to increase the D2. The higher increase of the D2 for the
GLM due to this mask shows that the BRT model has a
better capacity to predict absence than the GLM. Though
variable interpretation is easier with GLM and computation
time is shorter, BRT models are worth using when the main
objective is predictive performance.
As little is known about the ecology and the epide-
miology of HPAIV in wild birds, we used epidemiological
data from low pathogenic AIV (LPAIV). Experimental
infections with H5N1 HPAIV (Brown et al., 2006, 2008;
Keawcharoen et al., 2008) showed that most Anatids
species are able to replicate and shed H5N1 HPAIV, half
of the time without any clinical sign (Gaidet et al., 2010).
Furthermore, almost all of healthy, free-living wild birds
that have tested positive for H5N1 HPAI with no
apparent clinical signs were Anatids (Chen et al., 2006;
Saad et al., 2007; Hesterberg et al., 2009; OIE, 2009). The
highest circulation rates of LPAIV in the field also have
been detected for Anatids species (Olsen et al., 2006). Our
model thus is likely to point out the potential areas at risk
for new strains of HPAIV despite the differences between
HPAIV and LPAIV epidemiology, in particular, in terms
of host range and host susceptibility. This model can be
used to improve the surveillance of AIV in wild birds, but
it cannot be used to directly predict the emergence of
highly pathogenic AIV in poultry. Information on poultry
distribution, their potential contacts with wild birds, and
the transmission and survival rates of the virus should be
added to the model to predict the emergence of highly
pathogenic AIV in poultry.
CONCLUSIONS
Our model could predict the spatial distribution of several
waterbirds groups and could identify areas with a higher
AIV circulation risk in the IND. Based on environmental
variables with a temporal resolution of 10 days, this model
could take into account high seasonal ecological variability.
This model therefore could be applied in other areas or for
other emerging infectious diseases with strong seasonal
drivers. When census data are available for a host popu-
lation, the model can help prioritize where surveillance is
needed. Applications of this methodology could enhance
the control of emerging diseases at a local and regional
scale, especially when the resources available for surveil-
lance programs are scarce.
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APPENDIX
Table 4. List of the 16 species used for the analysis classified in
four systemic groups according to the role they may play in Avian
Influenza Virus circulation
Palearctic ducks
1. Northern pintail Anas acuta
2. Garganey Anas querquedula
3. Ferruginous duck Aythya nyroca
Afro-tropical ducks
4. Fulvous whistling duck Dendrocygna bicolor
5. White-faced whistling duck Dendrocygna viduata
6. Comb duck Sarkidiornis melanotos
Waders
7. Black-winged stilt Himantopus himantopus
8. Black-tailed godwit Limosa limosa
9. Ruff Philomachus pugnax
Ardeids
10. Grey heron Ardea cinerea
11. Purple heron Ardea purpurea
12. Squacco heron Ardeola ralloides
13. Cattle egret Bubulcus ibis
14. Great egret Ardea alba
15. Unidentified white heron Ardeinae
16. Little egret Egretta garezetta
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